This paper argues that inequality can be both good and bad for growth, depending on what inequality and whose growth. Unequal societies may be holding back one segment of the population while helping another. Similarly, high levels of income inequality may be due to a variety of different factors; some of these may be good while others may be bad for growth. The paper tests this hypothesis by "unpacking" both inequality and growth. Total inequality is decomposed into inequality of opportunity, due to observed factors that are beyond the individual's control, and residual inequality. Growth is measured at different steps of the income ladder to verify whether low, middle, and top income households fare differently in societies with high (low) levels of inequality. In an application to the United States covering 1960 to 2010, the paper finds that inequality of opportunity is particularly bad for growth of the poor. When inequality of opportunity is controlled for, the importance of total income inequality is dramatically reduced. These results are robust to different measures of inequality of opportunity and econometric methods.
Introduction
The Great Recession has brought inequality to the forefront of the economic debate again. Does the recent rise in inequality in the United States and Europe bode well for future growth prospects? The opinions are still very much divided on this question (see for example, Krueger, 2012, and Mankiw, 2013) . We will argue that it matters whose growth prospects we are talking about, and what type of inequality we are concerned with.
A variety of different channels via which inequality could affect growth have been suggested over the years. This has inspired an extensive empirical literature that dates back to the 1990s. However, the results are mixed and largely inconclusive (i.e., see Banerjee and Duflo, 2003, and Panizza, 2002) . A select number of studies have proposed that this ambiguity could be due to the fact that income inequality has distinct offsetting effects on subsequent growth that may cancel out in the aggregate (Barro, 2000; Voitchovsky, 2005) . 2 Two recent empirical studies in particular stand out. In an application to the United States, Marrero and Rodríguez (2013) find that a particular component of overall inequality, inequality of opportunity (IO), has a negative effect on growth. IO arguably reduces growth as it favors human capital accumulation by individuals with better social origins, rather than by individuals with more talent. The second study, van der Weide and Milanovic (2014) , also an application to the United States, "unpacks" growth. It asks whether individuals at different steps of the socio-economic ladder fare differently in societies with high (low) levels of income inequality. They find that they do, namely that income inequality is bad for the growth prospects of the poor but good for the rich. This paper disaggregates the inequality-growth relationship in order to address two empirical questions: Can the effect of overall inequality on future income growth be attributed to IO? If indeed, is this particularly true for the poor, or does it concern households of all socio-economic classes?
We explore these questions using the IPUMS-USA database, as in van der Weide and Milanovic (2014) , since it is the largest individual level database for the United States 2 See also Galor and Moav (2004) who have proposed that the impact of inequality on growth changes with the replacement of physical capital by human capital accumulation as a main source of growth along the process of development.
3 that covers the period 1960 to 2010. Our analysis is conducted at the level of states; we use the individual level data to compute state level measures of inequality of opportunity, overall income inequality, average income, and income growth (at selected percentiles).
The same data are used to derive a set of controls including variables on demographics, education and employment. Additional controls are obtained from Marrero and Rodríguez (2013) . Different methods are considered for the estimation of the dynamic panel data model (at the state level), specifically pooled OLS and different System-GMM regressions. As part of the robustness analysis we also consider different measures of IO (by varying both the choice of circumstances and the choice of outcomes along which inequality is being evaluated) and vary the choice of control variables.
Total income inequality is found to be negatively correlated with posterior growth of average income per capita when IO is not controlled for. Adding IO to the regression reveals that the correlation with future income growth is largely channeled through IO, leaving the effect of total inequality mostly insignificant.
When we re-examine the relationship between total inequality and income growth for low-, middle-and high income households, not controlling for IO, we find that the relationship is negative for the poor but positive for the rich. However, also here, the significance of total inequality is dramatically reduced when IO is added to the regression. This suggests that it is IO that is limiting the growth prospects of the poor rather than total inequality.
The exact channels via which IO might be impacting on future income growth remain to be identified. However, concentrating on IO while tracking growth separately for the poor, the middle class and the rich, denotes a necessary step forward in the dissection of the inequality-growth relationship.
The paper is organized as follows. Building on the literature of opportunity Section 2 develops the necessary distinction between overall inequality and inequality of opportunity. In Section 3 we introduce the database, including descriptives of the key variables used in the analysis. Section 4 presents the empirical model and the main results.
Finally, Section 5 discusses the main results. 4
Inequality of opportunity: Concept and measurement
The modern theories of justice emphasize that income inequality is a composite measure of different components, among which inequality of opportunity refers to inequality stemming from circumstances, factors that are beyond the scope of individual responsibility like race, gender and socioeconomic background (Roemer, 1993; van de Gaer, 1993; Fleurbaey, 2008) . This literature considers IO to be unjust and believes it warrants a public intervention that would help level the playing field. Moreover, it has been recently proposed that, while the impact of total inequality on growth is ambiguous, IO is growth deterring as, for example, it may favor human capital accumulation by individuals with better social origins rather than individuals with more talent. The potential misallocation of talent yields an underinvestment in human capital and, consequently, lower growth.
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To estimate IO, we adopt the ex-ante approach put forward by van de Gaer (1993) which partitions the population into types according to individuals' circumstances. IO is obtained as a measure of between-group inequality. Consider a finite population of individuals indexed by i{1,…, N}. Following Checchi and Peragine (2010) and Ferreira and Gignoux (2011) the individual outcome, yi, is assumed to be a function of the set of circumstances, ci, and the amount of effort, ei, such that:
, . Circumstances are exogenous by definition. Effort however will likely be influenced, among other factors, by circumstances. Accordingly, individual outcome may also be written as:
, .
Suppose the population is partitioned into mutually exclusive and exhaustive types denoted by Φ = {J1, …, JT}, where all individuals of a given type t share the same circumstances. Let , denote the level of effort exerted by an individual of type t at the quantile of the distribution of effort with ∈ 0,1 . The level of outcome obtained by this individual is given by: , . Equality of opportunity is achieved when the individual's outcome is independent of her social origins. Strictly speaking, this would demand that the following condition holds true:
3 Bowles et al. (2005) have shown that even if individuals have high inborn talent, the likelihood of their being able to realize the benefits of that talent (for example, in terms of admission to university or access to employment) is strongly affected by initial conditions. Of all the possible inequality indices that fulfill the basic principles found in the literature on inequality (progressive transfers, symmetry, scale invariance and replication of the population), only those of the Generalized Entropy class are additively decomposable into a between-group and a within-group component (Bourguignon, 1979 and Shorrocks, 1980) . 4 We use the Mean Logarithmic Deviation (IMLD), because it belongs to the Generalized Entropy class and has a path-independent decomposition.
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For an income distribution y, with mean , the Mean Logarithmic Deviation is defined as:
where n denotes the number of income recipients. Using this inequality index, our IO estimates can be interpreted as the between-group component of total inequality.
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In the case that type income ranges overlap, which occurs in our case, the broadly used Gini coefficient is decomposable in three terms: a between-group component, a within-group component and a residual. The problem here is how to assign the last term to the between-group and within-group components.
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The path-independent property implies that the result of the decomposition is independent of the component that is eliminated first, the between-group inequality or the within-group inequality (Foster and Shneyerov, 2000) .
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Unfortunately, since one does not observe all relevant individual circumstances in practice, this measure of IO serves only as a lower bound. 6 Finally, IO can be estimated either non-parametrically (Lefranc et al., 2008, and Rodríguez, 2008) or parametrically (Bourguignon et al., 2007, and Gignoux, 2011) . The non-parametric approach makes minimal assumptions, but requires a sufficient amount of data. When the data are limited there is a premium for imposing additional structure by assuming a functional form for the function g. This would be the parametric approach. We will adopt the former, the non-parametric approach, as this takes full advantage of the fact that the database covers between 1 and 5 percent of the total population.
The database and variables

The IPUMS USA database and sample design
We use the IPUMS USA database, which contains the largest sample of US population  between 1 and 5 percent of the total population  that covers a period of 50 years at regular decennial intervals : 1960, 1970, 1980, 1990, 2000 and 2010. 7 The data are representative at the US state level. The obvious advantage of working with such a large data set is that sampling errors are reduced to a minimum. For their special features we do not consider the states of Alaska, Hawaii, District of Columbia and Puerto Rico in this analysis.
Total yearly income is obtained by aggregating incomes from 8 different sources:
(i) wages, salary, commissions, bonuses or tips; (ii) self-employment income; (iii) interest, dividends, net rental income, or income from estate/trusts; (iv) social security or railroad retirement; (v) supplemental security income; (vi) public assistance or welfare payments; (vii) retirement, survivor or disability pensions; and (viii) other regular sources of income, such as veterans payments, unemployment compensation, child support or 6 Using the MLD index, the within-group inequality component could be seen as a proxy of inequality due to individual effort. Unfortunately, this measure contains residual elements arising from non-observed circumstances, luck and other measurement errors, which prevents us from using this term in the empirical analysis.
7
The data cover 1 percent of the population for the years 1960-70 and 2010 , and 5 percent of the population for the years 1980-2000. 7 alimony. Income growth is evaluated for total household income per capita. Our measures of income inequality and inequality of opportunity are computed using individual income for the highest income earner within their household who are between the age of 30 and 50. The age restriction is included in order to mitigate the life-cycle composition effect on an individual's income (Roemer et al., 2003; Marrero and Rodríguez, 2012) . The motivation for using individual income rather than total family income for the measurement of inequality is that this facilitates the decomposition of total inequality into IO and a residual component.
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Three different measures of inequality of opportunity are being considered: inequality of opportunity in the acquisition of income; inequality of opportunity in acquiring occupational prestige; and social immobility in occupational prestige.
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The latter is measured as the correlation between the "occupational prestige" for a given individual and the average "occupational prestige" for individuals from an earlier generation belonging to the same race and the same state where the given individual was born. For the first two measures of inequality of opportunity we assume race and gender as circumstances. For race the following four groups are considered: non-Hispanic whites, Hispanic whites, blacks and others. Unfortunately, the IPUMS USA does not include information on parental education or income.
Race has been shown to be an important factor in determining an individual's success in life as measured by income or occupational prestige. Initial inequality in wealth between individuals from different racial backgrounds combined with barriers to accessing credit can generate significant degrees of inequality of opportunity (Ferreira and Gignoux, 2011; Marrero and Rodríguez, 2011) . There is also evidence of continued differential treatment by race in the U.S. labor market, i.e. racial discrimination (see e.g. Bertrand and Mullainathan, 2004; Lang and Manove, 2011) . Unequal opportunities between men and women are equally objectionable (Hederos et al., 2014; Calo-Blanco 8 Unfortunately, the IPUMS USA database does not provide data on the individual components of income.
9
Note that IO measures the extent to which individual income is driven by individual attributes that are beyond the individual's control such as race and gender.
10
Occupation prestige is derived from the "occscore" variable that is constructed by IPUMS USA which assigns occupational income scores to observed occupations.
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and García-Pérez, 2014) . Other than being morally objectionable, affording individuals of different race and gender different opportunities may lead to a sub-optimal allocation of talent and a wasting of human resources. These inefficiencies are arguably harmful for growth.
The IPUMS USA database is also used to construct selected control variables.
Following van der Weide and Milanovic (2014) we compute: (i) the percentage with a graduate degree among individuals between the age of 21 and 39 (Edu_ms); (ii) the share of women between the age of 24 and 65 who are out of the labor force (Olf_fem); and (iii) the population shares aged 15 or younger (Aged 0-15) and aged 65 or older (Aged 65+). We expand the number of controls by also considering a selected set of the independent variables used in Marrero and Rodríguez (2013) , which include: (iv) the share of (nonagricultural) employment in construction (Emp_cons), finance, insurance and real estate (Emp_finan), and government (Emp_gov); (v) the percentage change in nonagricultural employment over the preceding decade (Emp_growth); (vi) the fertility rate measured as the number of live births per 1,000 women 15-44 years old (Fertility) ; and (vii) public welfare expenditure as a percentage of state personal income (Welfare). The geography of inequality has also changed over the years, see Figure 3 . In 1960 high levels of income inequality were mostly confined to the South, with Mississippi ranking as the most unequal state. Fifty years later inequality in the South roughly equals the national average. High levels of inequality are now more likely to be found in the North-East and the West Coast, with New York ranking as the most unequal state. The same pattern is observed for inequality of opportunity (see Figure 4 ).
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Note that the measures of IO, derived from a limited set of circumstances (race and gender), capture roughly 10 percent of total inequality. While this may seem rather modest it is in fact reasonably large relative to estimates obtained for other countries with an often larger set of circumstances (see Ferreira et al., 2014) . 
Inequality of opportunity and growth at different steps of the income ladder
We estimate a reduced-form growth equation (at different percentiles) with a set of inequality indices (total and IO) added to an otherwise standard set of growth determinants. The exact choice of control variables denotes a combination of the controls used in Marrero and Rodríguez (2013) and van der Weide and Milanovic (2014).
The reduced-form growth equation
The reduced-form growth equation explores the link between overall inequality, inequality of opportunity and income growth for different segments of the population:
,
where yqit denotes log of per capita income for population segment q in state i at year t.
In our application q either refers to average income in the state or to a given percentile in the state's income distribution. We will consider the following selection of percentiles:
5th, 10th, 25th, 50th, 75th, 90th, 95th and 99th. The variables and denote state (or region) and time-specific effects, and are measures of overall inequality and inequality of opportunity in state i at time t, denotes a vector of control variables other than lagged income, and is an iid error term. Income is always expressed in real terms, explanatory variables are always lagged one period (10 years in our case) and overall inequality and IO indices are as explained in the previous section. Equation (3) reduces to the specification from Marrero and Rodríguez (2013) when yqit refers to the log of state GDP per capita, while the specification from van der Weide and Milanovic (2014) is obtained for 0. The parameters from eq. (3) will be estimated for each q separately using separate regressions.
We will consider two different sets of controls: (a) the baseline specification with an economic set of controls derived from van der Weide and Milanovic (2014); 13 and (b) an expanded set of controls that is obtained by adding variables from Marrero and Rodriguez (2013) . The baseline specification includes the following state-level variables:
"Edu_ms"; "Olf_female"; "Aged 0-15" and "Aged 65+"; lag of income to allow for convergence; as well as time-period dummies and region (Northeast, Midwest, South and 13 Note that in the original analysis, van der Weide and Milanovic (2014) considered also the percentage of education short-fall. We have preferred not to include this variable in the analysis because it is expected a close link between this variable and individual opportunity. 14 West) or state dummies, depending on the specification. 14 The expanded set of controls adds to this: "Emp_cons", "Emp_finan", "Emp_gover", "Emp_grow", "Fertility" and "Welfare". See Section 3.1 for definitions of the control variables. Our motivation for using the share of young adults with a graduate degree rather than considering all adults is that the former exhibits more variation over time, and hence carries more information up and above the state fixed effects. We aim to keep the number of controls that are highly persistent over time to a minimum in order to limit the co-linearity with the state fixedeffects. For this reason we have omitted the percent employed in farming, mining, manufacturing and transport (which are included in Marrero and Rodríguez, 2013) .
We are especially interested in the sign of , the parameter associated with IO in Equation (3). If the growth deterring effect of overall inequality (i.e., for poor households) is channeled through IO, then we should find that 0. Once IO is controlled for, we hypothesize that 0 because overall inequality is now a better proxy for the inequality due to individual effort (Marrero and Rodríguez, 2016a 
Baseline specification with region fixed-effects: Robust pooled-OLS
The between-group inequality component with income as outcome and race as circumstance denotes our benchmark IO measure. Table 2 presents robust pooled-OLS estimates for the baseline specification with region dummies. When IO is not controlled for, the coefficient for overall inequality is found to be negative and significant for the lower income percentiles, insignificant for the middle income percentiles, and positive and significant for the high income percentiles. Notably, when IO is controlled for, total inequality becomes insignificant as an explanatory factor for income growth along the income distribution; the inequality effect on income growth appears to be channeled through IO. It is the IO component that harms growth for the poor while helping income growth for the rich. In addition, it can be seen in Table 2 that the predictions concerning the coefficient of overall inequality when IO is controlled for are fulfilled. Annex A presents a visual inspection of these findings.
Let us also briefly comment on the effects of the rest of controls on income growth across the different income percentiles. Higher levels of education (measured by the share of young adults who have a graduate degree) are positively correlated with growth across the income distribution. Likewise, female labor force participation helps growth, particularly for lower and middle income households (the effect is small and often insignificant for high income households). A larger share of the working age population also registers as a positive for future income growth. Finally, we find conditional convergence between states as the coefficient for the lag of income (in logs) is always negative and significant.
INSERT TABLE 2 ABOUT HERE
Baseline specification with state fixed-effects: System-GMM estimation
Pooled-OLS estimation with region-specific effects is vulnerable to endogeneity bias, specifically omitted variables bias. Allowing for state fixed effects should alleviate this concern to some degree. This however introduces a new challenge. Under the assumption that the (unobserved) state effects are correlated with the other independent variables that are part of the model, considering the state effects as part of the error term will introduce a bias. By the same token, eliminating the state effects by means of 16 "differencing" also introduces a correlation between the (differenced) error term and the (differenced) control variables, and hence also introduces a bias. A commonly used method of estimation in this context is the System-GMM approach proposed by Arellano and Bover (1995) and Blundell and Bond (1998) .
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The validity of the GMM-style instruments can be tested using an over identifying
Hansen J-test. The proliferation of instruments (a common fact in System-GMM) tends to introduce additional over identifying problems however, which may call for a reduction of the instruments count (Roodman, 2009a) . With this in mind, our baseline System-GMM specification limits the number of over identifying restrictions by building a maximum of two instruments from each variable and lag distance. 16 We initially consider t-2 and t-3 (for the first-difference equations) and t-1 (for the level equations) to construct the matrix of instruments. Because the test for second-order serial correlation in the first differences of the errors (the m2 test) rejects the null in most of the specifications (see Table 3 ), the set of instruments is lagged one more period to t-3 and t-4 (for the firstdifference equations) and to t-2 (for the level equations). This set of instruments remains valid even in the presence of second (but no higher) order serial correlation of the residuals, which is tested using an AR(3) test for the first differences of the errors (this test is also shown in Table 3 ). Table 3 presents the estimates for our baseline System-GMM model (i.e., one-step with 2 lags for the instrument set starting at t-3 for the first difference equation). The main result obtained using robust pooled-OLS is largely maintained: IO deters the growth prospects of the poor, and if anything helps the rich to further grow their incomes. For average income (see first two columns in the Table) , we find a negative and significant relationship with IO and a positive but insignificant relationship with total inequality.
The System-GMM specification confirms the result from Marrero and Rodríguez (2013) , namely that IO is bad for growth, but finds that this is mostly true for the poor, and not for the entire distribution.
INSERT TABLE 3 ABOUT HERE   15 For instance, Acemoglu et al. (2015) have recently adopted the one-step System-GMM for the estimation of their dynamic panel model featuring growth, human capital, inequality and institutions.
To verify the robustness of our results, we test for weak instruments and compute confidence intervals for the parameters of interest (the coefficients associated with IO and total inequality) that are valid also when instruments are weak. The main result, that IO lowers the future income growth of the poor, is valid under alternative IO measures (this section), an expanded set of controls (next section), different GMM specifications (Annex B), and remains valid under weak instruments (Annex C). Let us briefly comment here on the issue of weak instruments. Growth regressions with inequality as the independent variable of interest are known to suffer from problems of weak instruments owing in part to the time-persistent nature of inequality (see Kraay, 2015) . While our test results confirm that the instruments used in our regressions are weak, the negative effect of IO on growth for the poor and lower-middle class (up to the 50 th percentile) continues to be significant. The effect of IO on growth for higher income households, however, is not found to be robust (see the confidence sets reported in Annex C which are valid in the case of weak instruments).
The regressions presented in Table 4 re-estimate the System-GMM specification using alternative measures of IO, as described in Section 3, which includes: IO in the acquisition of income with not only race but also gender as individual circumstances; IO in the acquisition of occupational prestige for race and, for race and gender; and social immobility in occupational prestige. Our main findings are in general preserved (see Table 4 ).
Expanded set of controls with state fixed-effects: System-GMM estimation
We extend the baseline model by expanding the set of controls with those also used in Marrero and Rodríguez (2013) , namely: the shares of employment for construction, finance, insurance and real estate, and government; the percentage change in nonagricultural employment in the preceding decade; public expenditure in welfare as a percentage of personal income, and the fertility rate. Since expanding the set of controls also increases notably the number of instruments, using the baseline System-GMM specification (including 2 lags) leads to 'too-many instruments' problems (i.e., the pvalue of the Hansen test tends to 1.00; see Roodman, 2009a) . We collapse the matrix of instruments to reduce the instrument count for the one-step System-GMM in this case, which denotes a standard approach.
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As shown in Table 5 , the negative and significant correlation between IO and growth of lower incomes and the positive and significant correlation between IO and growth of higher incomes prevails. While the coefficient of overall inequality continues to be positive and significant for the rich, it loses significance at the lower end of the income distribution. In addition, we find that: (i) the size of the public sector (in terms of employment) is positively correlated with income growth across the distribution, with larger effects observed for poor households; (ii) size of the construction sector undermines growth, particularly of lower incomes; (iii) size of the financial sector is positively correlated with growth of higher incomes, albeit insignificantly; (iv) expansion of non-agricultural employment is mostly insignificant; (v) public welfare expenditure lowers the growth prospects of top incomes but is insignificant in the growth regressions for the poor; while (vi) the fertility rate is clearly negatively correlated with growth, yet the size of the correlation appears to be slightly larger for lower income households.
It follows that the significance of overall inequality is somewhat sensitive to whether or not female labor force participation is controlled for. Table B2 (in the Annex) reproduces a version of Table 5 where "OLF-fem" is omitted as a control variable. This specification finds that overall inequality is significant at both ends of the income distribution, with inequality hurting income growth of the poor and helping growth of the rich. The results for the control variables are largely maintained.
Discussion
This study is the first to disaggregate the inequality-growth relationship by "unpacking" both inequality and growth. Income inequality is decomposed into inequality of opportunity and residual inequality. We unpack growth by tracking income growth at different steps of the income distribution. This allows for the possibility that the poor, the middle-class and the rich fare differently in societies with higher (or lower) levels of inequality of opportunity and total income inequality. It also allows us to verify 17 The residual inequality component is sometimes associated with "inequality of efforts" (see e.g. Marrero and Rodriguez, 2013) . However, since the IO component in practice does not capture all inequality that is due to circumstances beyond the individual's control, simply because one generally observes a sub-set of relevant circumstances, the residual inequality component will arguably measure the combined effects of individual efforts, unobserved circumstances and luck. the extent to which the relationship between income inequality and future income growth is channeled through inequality of opportunity.
We find that it is inequality of opportunity that is negatively correlated with future income growth of the poor. Using weak instrument-robust inference confirms the robustness of this finding. While inequality of opportunity is also found to be positively correlated with growth at the top end of the income distribution, this effect is not robust.
Our research advances the earlier studies by Marrero and Rodríguez (2013) and van der Weide and Milanovic (2014) . The relationship between inequality of opportunity, inequality of efforts and growth in average income uncovered by Marrero and Rodríguez (2013) is found to describe the income growth of poor households better than growth of the average household. The relationship van der Weide and Milanovic (2014) found between total inequality and growth of the poor versus growth of the rich appears to be driven mostly by inequality of opportunity.
The present paper also provides additional robustness checks to Marrero and Rodríguez (2013) and van der Weide and Milanovic (2014). Marrero and Rodríguez (2013) used the PSID database which provides detailed information on individual circumstances (including parental education) but for a relatively small sample of households, and for a limited period of time . They opted to disregard states with fewer than 50 observations for any given decade, which ultimately limited their database to 26 states. Despite the extensive robustness analysis they carried out, the smallness of their survey samples makes their analysis vulnerable to sampling error.
Instead, we use an entirely different database (the US community survey) that covers between 1 and 5 percent of the US population which reduces sampling error to a minimum and allows us to consider all US states and the larger time period . Our study also extends the analysis of van der Weide and Milanovic (2014) by considering a different measure of inequality (MLD based on individual income at reference age -aged 30 to 50 -rather than the Gini of income per capita), and above all, by adding an important omitted variable, namely inequality of opportunity.
It remains to be verified whether the findings from this study extend to other countries, including less developed economies. For instance, a developing country could possess a trap in the accumulation of human capital (Azariadis and Stachurski, 2005) . If this is the case, an increase in any kind of inequality might be good for growth of the poor 20 because it would help such a country exit this trap (Castelló-Climent and Mukhopadhyay, 2013) . Replicating our study using data for other countries, including those with high levels of poverty, denotes an interesting venue for future empirical research.
Future research will hopefully also shed some light on the channels via which IO affects future income growth. It is conceivable that IO alludes to unequal access to good schooling or discrimination in the labor market, to name two candidate channels, either of which signifying inefficiencies that will disproportionally concern the growth prospects of the disadvantaged. A potential positive relationship between IO and income growth for the rich may be harder to explain. One possibility is that the greater the share of the population who are disadvantaged by IO, the greater presumably the supply of labor at lower levels of skills, and the greater, even in a fully competitive market, the skill premium received by those who benefit from better opportunities. We should stress however that the positive effect of IO on growth for high incomes ceases to be significant when using weak instrument-robust inference.
Another empirical question worth exploring is how economic growth or development more broadly impacts on inequality of opportunity. In a preliminary investigation, Marrero and Rodríguez (2016b) find that raising the level of real GDP is associated with lowering levels of inequality of opportunity. If this is confirmed, then this may elude to the possibility of a positive cycle where economic growth lowers IO, and the reductions in IO further stimulate economic growth. However, more evidence on this will need to be obtained, including a precise analysis of the impact of pro-poor (and prorich) growth on inequality of opportunity. Finally, we can think of at least one extension of our analysis, namely one that tracks income growth by individual characteristics such as race (and other factors that are beyond the individual's control) as an alternative to tracking growth by income percentile. See for example the recent study by Peragine et al. (2014) who develop the notion of the Opportunity Growth Incidence Curve. It is conceivable that unequal societies are more likely to hold back blacks relative to whites, for example, regardless of where they stand on the socio-economic ladder. 
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See Note in Table 3 .
Ineq., lag Table 5 . Income growth and inequality by percentiles in the U.S.: estimated results using robust System-GMM (Collapse instruments) (extended controls from Marrero and Rodríguez, 2013) See Note in Table 3 . System-GMM is estimated collapsing the matrix of instruments to avoid the problem of 'too-many instruments' (Roodman, 2009a ln(y), lag -0.0456*** -0.0482*** -0.0402*** -0.0497*** -0.0475*** -0.0526*** -0.0460*** -0.0482*** -0.0503*** -0.0523*** -0.0409*** -0.0414*** -0.0375*** -0.0377*** -0.0303*** -0.0301*** -0.0367*** -0.0371*** (-6 .17) (-6 .40) (-4 .59) (-6 .12) (-7 .12) (-7 .42) (-7 .85) (-7 .44) (-6 .16) (-6 .73) (-4 .57) (-4 .90) (-4 .51) (-4 .84) (-3 .84) (-3 .85) (-3 .70) (-3.82) Edu_ms, lag (-1.48 ) (-1.19 ) (-1.28 ) (-1.20 ) (-1.24 ) (-1.03 ) (-1.29 ) (-0.92 ) (-0.76 ) (-0.44 ) (-1.40 ) (-0.93 ) (-1.64 ) (-1.12 ) (-0.87 ) (-0.05) Fertility, lag -0.0357*** -0.0370*** -0.0222 -0.0250 -0.0335** -0.0352** -0.0516*** -0.0529*** -0.0404*** -0.0419*** -0.0399*** -0.0409*** -0.0252*** -0.0263*** -0.0183*** -0.0195*** -0.0263** -0.0268** (-3.74 ) (-3.80 ) (-1.23 ) (-1.39 ) (-2.22 ) (-2.31 ) (-4.94 ) (-4.96 ) (-4.33 ) (-4.46 ) (-4.77 ) (-4 .90) (-3.34 ) (-3 .51) (-2.74 ) (-3 .07) (-2.13 ) (-2.38) We lfare, lag -0. 0849 -0.119 0.0723 -0.0317 -0.106 -0.156 -0.0823 -0.110 -0.101 -0.132 -0.113 -0.126 -0.105 -0.119 -0.0630 -0.0686 -0 .252** -0.243** (-0.81) (-1.14) (0.29) (-0.13 ) (-0.60 ) (-0.89 ) (-0.75 ) (-0 Num.Instr.
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Annex A: Visual inspection of main results for pooled-OLS
For a selection of income quantiles (5th representing the poor, 50th representing the middle class and 95th representing the rich), we show in Figure A1 the scatter plots between income growth, overall inequality as well as IO. Both income growth and the inequality variables are adjusted for time and regional dummies plus the set of controls used in Section 4.2.
The first row examines the partial relationship between growth and lagged total inequality when the IO variable is not controlled for: the slope is negative for the poor and positive for the rich, while it is insignificant for the middle class. The second row shows the partial correlation between growth and total inequality but now controlling for IO. Once the IO component is included in the model, total inequality turns insignificant to explain income growth along the income distribution. More importantly, the third row of plots shows the partial correlations between growth and IO in this amplified model.
Comparing the first with the third row leads us to conclude that much of the relationship between inequality and growth along the income distribution is due to IO.
29 Figure A1 . The effects of overall inequality and inequality of opportunity on growth. 1970 -2010 95th percentile income growth and IO -including inequality
Annex B: Alternative System-GMM specifications
To test the robustness of our results, we also consider alternative GMM specifications (see Table B1 ). The first panel shows estimation results using the firstdifference GMM approach (Arellano and Bond, 1991) , considering the same lagged structure than for the baseline System-GMM specification described above. A two-step System-GMM (also using the 2 lags structure) denotes our second robustness check.
Next, we specify three alternative approaches that reduce the number of instruments. We reduce the instrument count for the one-step System-GMM to just one lag (t-3 for the first-difference equations and t-2 for the level equations); second, we consider all lags but collapse the matrix of instruments (Roodman, 2009a) ; third, we use Principal Components Analysis to reduce the matrix of instruments (Roodman, 2009b) . As it is shown in the Table, the over identifying Hansen J-test fails many times under these specifications, being this one of the reasons for which we have used the one-step System-GMM including 2 lags in the matrix of instruments as our preferred approach for the baseline specification (using one or two steps leads to similar results).
The results obtained with these alternative System-GMM specifications are similar to the findings of the previous subsection 4.3, although, the effect of inequality of opportunity on growth of the rich is not significant for some of the new specifications.
We can say, therefore, that the effect of IO on the growth of low incomes is more powerful than the one on the growth of high incomes since the former is more robust. Annex C: Confidence sets based on CLR and AR statistics System-GMM relies on lagged levels and differences of the independent variables that are presumed endogenous as internal instrumental variables in an effort to isolate causal effects. Unfortunately, these instruments need not always be strong. Applications to dynamic panel data growth regressions in particular have been plagued by problems of weak instruments, see, e.g., Nelson and Startz (1990) , Bazzi and Clemens (2013) , and Kraay (2015) . Consequently, estimates of statistical precision based on conventional tstatistics can be misleading, calling for weak instrument-robust inference in order to test for the significance of the relevant model parameters (the coefficient associated with inequality of opportunity (IO) and total inequality in our case). Kraay (2015) specifically studies the weak instrument problem in recent empirical applications to the inequalitygrowth relationship, concluding that instruments are weak in all cases. When adopting appropriate inference tests, a zero effect of inequality on growth can often not be rejected.
This Annex will apply the tests for weak instruments to our baseline specification from Table 3 (similar conclusions are obtained for alternative specifications), using two lags and starting at t-3 in the matrix of instruments. The System-GMM regressions are found to show clear symptoms of weak instruments for all the income percentiles considered (results are available upon request). Limiting the number of instruments by, for example, "collapsing" the matrix of instruments (see Roodman, 2009 ) has been found to improve the identification of the parameters of interest (see Kraay, 2015) . Hence, all results presented in this section are obtained using a collapsed matrix of instruments.
Figures C1 and C2 plot the 95 percent confidence sets for the coefficients associated with IO (vertical axis) and total inequality (horizontal axis). The choice of IO measure uses income as outcome and race as circumstance (we multiply the original IO variable by 10 to obtain similar scales for the IO and total inequality coefficients). The confidence sets are based on two choices of statistics: the CLR and the AR statistics (we refer the interested reader to Kraay (2015) for more details on these and alternative statistics).
Both statistics confirm that IO has a negative effect on growth for lower incomes (up the 50 th percentile). For above median income levels the effect of IO is found to be ambiguous (with the confidence intervals including both positive and negative values for 34 the coefficient). The effect of total inequality on growth, when controlling for IO, is also found to be largely ambiguous. In sum, the negative relationship between IO and income growth for the poor is found to be robust, while the positive relationship between IO and growth for high incomes is not robust. 
